The increased popularity and improved accessibility of social network analysis has improved our 1 0 ability to test hypotheses about the complexity of animal social structure. To gain a deeper 1 1 understanding of the use and application of social network analysis, we systematically surveyed 1 2 the literature and extracted information on publication trends from articles using social network 1 3 analysis. We synthesize trends in social network research over time and highlight variation in the 1 4 use of different aspects of social network analysis. Our primary finding highlights the increase in 1 5 use of social network analysis over time and from this finding, we observed an increase in the 1 6 number of review and methods of social network analysis. We also found that most studies 1 7
Abstract 9
The increased popularity and improved accessibility of social network analysis has improved our 1 0 ability to test hypotheses about the complexity of animal social structure. To gain a deeper 1 1 understanding of the use and application of social network analysis, we systematically surveyed 1 2 the literature and extracted information on publication trends from articles using social network 1 3 analysis. We synthesize trends in social network research over time and highlight variation in the 1 4 use of different aspects of social network analysis. Our primary finding highlights the increase in 1 5 use of social network analysis over time and from this finding, we observed an increase in the 1 6 number of review and methods of social network analysis. We also found that most studies 1 7 included a relatively small number (median = 15, range = 4-1406) of individuals to generate 1 8 social networks, while the number and type of social network metrics calculated in a given study 1 9
varied zero to nine (median = 2, range 0-9). The type of data collection or the software programs 2 0 used to analyze social network data have changed; SOCPROG and UCINET have been replaced 2 1 by various R packages over time. Finally, we found strong taxonomic and conservation bias in 2 2 the species studied using social network analysis. Most species studied using social networks are 2 3 mammals (111/201, 55%) or birds (47/201, 23%) and the majority tend to be species of least 2 4 concern (119/201, 59%). We highlight emerging trends in social network research that may be 2 5 valuable for distinct groups of social network researchers: students new to social network 2 6 analysis, experienced behavioural ecologists interested in using social network analysis, and 2 7 advanced social network users interested in trends of social network research. In summary we 2 8 address the temporal trends in social network publication practices, highlight potential bias in 2 9 some of the ways we employ social network analysis, and provide recommendations for future 3 0 research based on our findings. 3 1 Introduction 3 3
Social network analysis is a powerful method used to measure social relationships among 3 4 individuals (Wey, Blumstein, Shen, & Jordán, 2008) and it originates in mathematical graph 3 5 theory, a body of literature on which many current practices are based (Biggs, Lloyd, & Wilson, 3 6 1976; Krause, Lusseau, & James, 2009 ). Social networks are composed of nodes (individuals) 3 7
and edges (social connections between individuals), properties of a network can be used to 3 8 quantify direct and indirect social relationships, which is the broad appeal of social network 3 9
analysis. Despite the current perceived popularity and historical significance of social network 4 0 analysis, there remains no systematic overview of social network analysis. We synthesize trends 4 1 in social network analysis and highlight variation in publication trends over time with an aim to 4 2 guide future research using social network analysis.
3
Social network analysis has been used since the 1950's (for review see Krause, Lusseau, 4 4 & James, 2009) and gained popularity among behavioural ecologists in two last decades. The 4 5 emergence of network analysis to quantify social relationships has honed our questions and 4 6
provided new avenues to test hypotheses about the causes and consequences of complex animal 4 7 social structures (Croft, Madden, Franks, & James, 2011) . As a result, animal social network 4 8 analysis has become an important sub-discipline within behavioural ecology. Social behaviours, 4 9 calculated using social network analysis, have been linked to a range of behavioural and 5 0 ecological variables, including fitness (Stanton & Mann, 2012; Vander Wal, Festa-Bianchet, 5 1 Réale, Coltman, & Pelletier, 2015) , movement (Spiegel, Leu, Sih, & Bull, 2016) , dominance 5 2 (Bierbach et al., 2014 ), predation (Heathcote, Darden, Franks, Ramnarine, & Croft, 2017 , 5 3 animal personality (Wilson, Krause, Dingemanse, & Krause, 2013) , information transfer (Firth, 5 4 Sheldon, & Farine, 2016) , pathogen dynamics (Webber et al., 2016) , and quantitative genetics 5 5 objective and is an empirical illustration of trends and gaps in social network research. Broadly, 1 0 1 our four primary objectives were to: 1 0 2 1) Assess trends in publication on social network analyses over time and identify the 1 0 3 types of journals where social network articles are published. 1 0 4
2) Describe social network methods from peer-reviewed articles, including the type of 1 0 5 data collection methods and software used as well as the type of association indices and 1 0 6 number of network metrics calculated. 1 0 7
3) Identify which species are being studied using social network analysis including 1 0 8 conservation status and the potential for taxonomic bias. 1 0 9 4) Based on some of our findings, we highlight four non-prescriptive directions for future 1 1 0 research using social network analysis (Table 1) .
To evaluate the state of social network analysis within the peer-reviewed literature we 1 1 4 conducted a literature survey using Thomson's Scientific Web of Science. We used Web of 1 1 5
Science because it allowed us to access large quantities of journal articles using thematic 1 1 6 searches. We conducted our literature survey up to and including 2016 using a range of search 1 1 7 terms that were likely to yield articles on social network analysis. We conducted four systematic 1 1 8 searches of key-words on Web of Science which generated lists of articles that were likely 1 1 9 relevant for our analysis. We searched the phrases 'social network analysis', 'social network', 1 2 0 'network analysis', and 'contact network'. Searches were conducted between January 8 th and 1 2 1 21 st , 2017. In total, we identified 1,603 unique articles through this method. We then used the 1 2 2 'snowball approach' to collect additional articles from the reference lists of all review and 1 2 3 methodological articles (see below) identified through our Web of Science searches. 1 2 4
To meet the criteria for inclusion in our analysis we used a conservative and systematic 1 2 5 filtering process. We only included articles that generated social networks based on pairwise 1 2 6 social associations of non-human individual animals or, if empirical data were not included, 1 2 7 discussed social network analysis in the form of a methodological, meta-analytical, or synthetic 1 2 8 review (see below). We therefore excluded articles that generated networks where nodes 1 2 9
represented, for example, spatial locations, or edges represented parasite sharing, while we also 1 3 0 excluded ecological, genetic, and neural networks. Although these fields use similar techniques 1 3 1 to social network analyses, their inclusion is beyond the scope of our analysis. We also excluded 1 3 2 articles that modeled social network processes because these articles were not explicitly based on 1 3 3 empirically-derived pairwise social associations, but, rather, the majority of articles that model 1 3 4 social network dynamics are based on simulated data. In addition, we only included peer-1 3 5 reviewed research articles. We excluded peer-reviewed commentary and response articles, 1 3 6 editorials, letters to the editor, prefaces to theme issues, conference proceedings, theses, book 1 3 7 chapters, and books. Access to some of these sources of information can be sporadic and typical 1 3 8 bibliometric analyses exclude these sources because it is difficult to systematically search grey 1 3 9 literature. From our original output of 1,603 articles only 293 articles matched our criteria. The 1 4 0 snowball approach yielded an additional 134 articles for a total of 427 relevant peer-reviewed 1 4 1 articles that used or where about social network analysis that met our criteria. While it is possible 1 4 2 we missed some published articles about social network analysis, we are confident that we To address our first objective, we assessed temporal changes in the number of articles 1 4 8 published using, or about, social network analyses per year. We first assigned articles to one of 1 4 9 four categories: empirical, review, methodological, or meta-analysis. Empirical articles 1 5 0 contained data collected in the field or laboratory that were used to generate social networks; 1 5 1 review articles were data-free and outlined a broad synthetic or theoretical contribution to social 1 5 2 network analysis; methodological articles may, or may not, have contained empirical data, but 1 5 3 provided an overview or demonstration of a particular methodological aspect of social network 1 5 4 analysis; meta-analyses were categorized as articles that contained summaries or comparisons of 1 5 5 empirically collected social network data from multiple species. We also assigned all articles to 1 5 6 one of six general themes based on the journal of publication: behavioural (e.g. Animal 1 5 7 1 0 Behaviour), general biology (e.g. Proceedings of the Royal Society B), general ecology (e.g. 1 5 8
Journal of Animal Ecology), taxa-specific (e.g. Journal of Fish Biology), applied (e.g. Applied 1 5 9
Animal Behaviour Science), or disease/parasitology journals (e.g. Journal of Wildlife Diseases). 1 6 0
We recorded the year of publication for each article to demonstrate possible temporal changes in 1 6 1 publication trends (see below). 1 6 2
To address our second objective, we extracted methodological aspects of social network 1 6 3 articles. Our methodological overview comprised of four key aspects of social network analyses. 1 6 4
First, we determined the software used to generate social network analysis. Second, we assessed 1 6 5 how networks were constructed and how many networks were constructed in each article. We 1 6 6 determined whether an association index was used, and, if not, whether network edges were 1 6 7 weighted using another measure, such as frequency or duration of social interactions. We also 1 6 8 counted the number of networks generated in each article as well as the number of uniquely 1 6 9 identifiable individuals within each network. Third, to consider the technological aspect of social 1 7 0 network analysis, we recorded how data were collected to generate networks and the general 1 7 1 type of behaviour used to construct social networks. Finally, we summarized the statistical aspect 1 7 2 of social network analyses by recording the number and type of social network metrics 1 7 3 quantified in each article as well as the number of individuals in each network. We separated 1 7 4 social network metrics into individual and group-level metrics. We used chi-square tests to test 1 7 5 for potential differences in the proportion of articles using a given software, how data were 1 7 6 collected, behaviours that were measured, association indices, and the type of network metrics. 1 7 7
To address our third objective, we extracted information on the study species and the 1 7 8
broad taxonomic group of the study species from empirical articles. For each species we 1 7 9
obtained IUCN listing as well as the taxonomic class of each species in our dataset. 1 8 0
Results

8 1
Objective 1: 1 8 2
We identified 427 social network articles from the peer-reviewed literature and classified 337 1 8 3 (79%) as empirical, 52 (12%) as synthetic reviews, 27 (6%) as methodological, and 11 (3%) as 1 8 4 meta-analytical ( Figure 1 ). The first article in our database was from 1999 and we observed an 1 8 5 exponential increase in the total number of social network articles over time ( Figure 1 ). 1 8 6
Social network articles were not published equally among journal types published (χ 2 = 1 8 7 212.5, df = 5, p < 0.001). We found significant difference in the types of journal in which social 1 8 8 network articles are. The most common type of journal where social network studies were 1 8 9
published was behavioural journals (163/427, 38.2%), while social network studies were also 1 9 0 published in general biology (125/427, 29.3%), taxa-specific (67/427, 15.7%), general ecology 1 9 1 (44/427, 10.3%), applied (22/427, 5.1%), and disease/parasitology (6/427, 1.4%) journals ( Figure  1  9  2 2). 1 9 3
Objective 2: 1 9 4
For empirical articles, the number of networks calculated per article was right-skewed, with a 1 9 5 median of 3 networks per articles (SD = 15.1, range: 1-128, Figure 3a ). The number of 1 9 6 individuals in a given network was also right-skewed, with a median of 15 individuals per 1 9 7 network (SD = 101, range = 4-1406, Figure 3b ). The median number of social network metrics 1 9 8 calculated per article was 2.0 (SD = 2.0, range: 0-9, Figure 3c ), while the median number of 1 9 9 network metrics per article that calculated at least 1 metric was 3.0 (SD = 1.8. range: 1-9). 2 0 0
In total, at least one social network metric was calculated in 254 of the 337 empirical 2 0 1 articles we identified. Of the 254 studies that calculated at least one metric, we identified 35 2 0 2 unique social network metrics, and we found that network metrics were not used equally in 2 0 3 articles where metrics were calculated (χ 2 = 1297.1, df = 34, p < 0.001). The most commonly 2 0 4 quantified individual-level social network metrics were degree and graph strength (both 2 0 5 quantified in 97/254 articles, 38.2%), while clustering coefficient (87/254, 34.3%), betweenness 2 0 6 centrality (68/254, 26.7%), and eigenvector centrality (65/254, 25.6%) were also commonly 2 0 7 quantified. Meanwhile, the most commonly quantified group-level social network metrics were 2 0 8 graph density (58/254, 22.8%) and modularity (50/254, 19.7%). 2 0 9
The type of software program used to generate social network was not equal across (20/337. 5.9%), proximity devices (12/337, 3.6%), VHF telemetry (12/337, 3.6%), GPS 2 2 1 telemetry (11/337, 3.3%), trapping data (10/337, 3.0%), encounter-net (4/337, 1.1%) and other 2 2 2 techniques (2/337, 0.5%), were also used to collect data (Figure 3b ). 2 2 3
The type of association indices used to generate social networks differed among articles 2 2 4 (χ 2 = 254.7, df = 6, p < 0.001). The most common type of matrix weighting was based on the 2 2 5 duration or frequency of interactions (132/337, 39.4%), while the HWI was the most commonly 2 2 6 used association index (66/337, 19.7%), followed by the SRI (62/337, 18.5) the HWI G (5/337, 2 2 7 1.4%) and the TWI (3/337, 0.1%), while in 45/337 (14.3%) articles, the association index or 2 2 8 matrix weighting procedure was unknown, and 20/337 (5.9%) of articles used a binary 2 2 9 association matrix. 2 3 0
The type of data collection methods used to describe associations were similarly 2 3 1 employed among social network articles (χ 2 = 1.3, df = 2, p = 0.52). Gambit-of-the-group was 2 3 2 the most commonly used type of association data (119/337, 35.3%), while proximity to 2 3 3 conspecifics (113/337, 33/3%) and behavioural interaction (102/337, 30.2%) were also relatively 2 3 4 common. 2 3 5
Objective 3: 2 3 6
In total, 201 unique species from 12 taxonomic classes were studied in empirical social network 2 3 7 articles. Species were not equally studied within the IUCN red list categories (χ 2 = 484, df = 8, p 2 3 8 < 0.001). The most commonly observed listing was least concern (119/201, 59%), while species 2 3 9 that were not listed (22/201, 11%), vulnerable (15/201, 7.5%), endangered (14/201, 7.0%), not 2 4 0 threatened (12/201, 6.0%), critically endangered (7/201, 3.5%), data deficient (5/201, 2.5%), and 2 4 1 domestic (4/201, 2.0%) were less commonly studied ( Figure 5 ).
4 2
The proportion of species from different taxonomic classes was not equal among social 2 4 3 network articles (χ 2 = 690, df = 11, p < 0.001). The majority of species studied were in classes 2 4 4 mammalia (111/201, 55%) and aves (47/201, 23%), while fewer were from classes actinopterygii 2 4 5 (14/201, 7%), insecta (12/201, 6%), chondrichthyes (5/201, 2.5%), and reptilia (4/201, 2%). 2 4 6
Meanwhile, there was a single (1/201, 0.005%) species studied in classes hymenoptera, 2 4 7 malacostraca, sauropsida, amphibia, and arachnida. The most common species studied in all 2 4 8 empirical social network articles were Parus major (17/337 empirical articles, 5%), Poecilia 2 4 9 1 6 'how to' articles explicitly provided guidance on social network analysis (although 2 7 5 comprehensive books did exist: Croft et al., 2008; Whitehead, 2008) . Importantly, an increase in 2 7 6 methodological articles, as well as reviews about certain methods highlights an attempt to 2 7 7 achieve a higher standard for social network methods up to the end of our data collection in 2016 2 7 8 (see references above) as well as in the short time since (e.g., Hoppitt & Farine, 2018; Silk & 2 7 9
Fisher, 2017). methodology that appears to lack general consensus. Accounting for the frequency or duration 2 9 0 social associations, as well as the possibility of missing individuals during observation (Hoppitt 2 9 1 & Farine, 2018; Silk, 2017), by using an association index should be standard operating 2 9 2 procedure. By contrast, our analysis suggests that many studies do not use association indices. 2 9 3
One possible explanation is the vast majority of empirical social network studies are generated 2 9 4 using data collected by focal observation. Focal observations of individual behaviour may be 2 9 5 more conducive for observing all individuals in a group, a scenario which does not necessarily 2 9 6
require an association index if all individuals are monitored at the same time. Despite this 2 9 7 possible explanation, it remains important for authors to ensure they follow appropriate 2 9 8 methodological procedures. We recommend Farine and Whitehead (2015) as the most valuable 2 9 9 and constructive outline of social network methods. Although our results suggest little 3 0 0 consistency in the use of association indices in social network research, the recent publication of 3 0 1 several important reviews on the topic suggest potential for future consensus. Fisher, 2017), or multi-layered social networks (Silk, Finn, Porter, & Pinter-Wollman, 2018) . As 3 1 0 social network analysis becomes more widely integrated within ecology we expect the use of R 3 1 1 packages to generate social networks will continue to increase while the use of SOCPROG, 3 1 2 UCINET, and other Windows or MatLab based programs are decreasing over time, potentially to 3 1 3 a point where they are no longer used. 3 1 4
We also found the vast majority of empirical social network studies collected data by 3 1 5 focal observation. Although focal observation is the most accurate method of collecting social 3 1 6 association or interaction data, the use of biologging devices can increase the volume social 3 1 7 network data. The most popular biologging device used to generate social network data is radio-3 1 8 frequency identification devices (RFIDs), such as passive integrated transponder tags, although 3 1 9 most articles using RFIDs are from the same system (e.g., Aplin et al., 2013) . We expect the 3 2 0 availability of various types of biologging devices should increase the popularity of remotely 3 2 1 collected social network data. For example, GPS telemetry data and autonomous fixed arrays are 3 2 2 relatively under-used technologies in social network research, despite the fact that both have 3 2 3 potential to test a variety of hypotheses about animal social structure (Jacoby & Freeman, 2016) . under-used in social network research. Potential explanations include issues with data processing 3 2 7 and the reliability of detection distance among devices (for discussion see Boyland, James, 3 2 8
Mlynski, Madden, & Croft, 2013; O'Brien, Webber, & Vander Wal, 2018) . We expect the use of 3 2 9 various biologging technologies, including GPS telemetry, autonomous fixed arrays, proximity 3 3 0 devices, and RFIDs, to conduct social networks will continue to increase in usage over time. 3 3 1
Social network metrics are arguably the most appealing aspect of network analysis 3 3 2 because of they can be interpreted in a traditional context and used in statistical models. We 3 3 3 observed apparent preference for certain social network metrics. Graph strength and degree were 3 3 4 the most commonly calculated social network metrics, while clustering coefficient, betweenness 3 3 5 and eigenvector centrality were common. Among the review and methods articles that we 3 3 6 identified there is little discussion or guidance on the number or type network metrics to 3 3 7 calculate in a given study. While we do not advocate for the use of any particular network 3 3 8 metrics, the use of a large number of social network metrics in a given study may be 3 3 9 problematic. A potential implication of calculating multiple network metrics without a priori 3 4 0 justification may violate assumptions of most frequentist models (see Table 2 ). A potential 3 4 1 solution is the a priori selection of biologically relevant network metrics and justification for 3 4 2 using a given network metric or the use of multiple competing hypotheses to compare models 3 4 3 using different network metrics (Table 2) . 3 4 4
Objective 3: Species 3 4 5
Conservation is becoming an increasingly important issue across ecological disciplines. 3 4 6
Among behavioural ecologists, understanding conservation implications for species is often cited 3 4 7
as an important conclusion of empirical work. Meanwhile, several recent reviews have also 3 4 8
highlighted the relative complacency of behavioural ecologists in a conservation context (Caro & 3 4 9
Sherman, 2011, 2013) and our findings generally support these views. The field of 'conservation 3 5 0 behaviour' (Blumstein, 2010; Macdonald, 2016) has highlighted social network analysis as a tool 3 5 1 to help inform management plans, particularly for highly gregarious species in the wild 3 5 2 (Snijders, Blumstein, Stanley, & Franks, 2017) . Our findings suggest that most existing studies 3 5 3 using social network analysis are conducted on mammals and birds of least concern. 3 5 4
Little is known about the relationship between social behaviour and population dynamics 3 5 5 and social network analysis represents a potential method that could improve our understanding 3 5 6 of this relationship (Webber & Vander Wal, 2018) . Allee effects, a phenomenon described as a 3 5 7 positive relationship between fitness and group size or population density (Stephens & 3 5 8 Sutherland, 1999) , are an important conservation issue for some social species (Angulo et al., 3 5 9 2017). Social networks could provide information about group or population level phenomenon 3 6 0 that could inform our understanding of Allee effects. In addition, for highly gregarious species, 3 6 1 individuals with high centrality may have higher fitness (Stanton & Mann, 2012; Vander Wal et 3 6 2 al., 2015) and for species of conservation concern, the use of social network analysis could 3 6 3 improve management of groups or populations. Moreover, social network analysis may be a 3 6 4 useful tool to monitor groups of translocated individuals to ensure individuals maintain social 3 6 5 2 0 structure or are able to integrate with new group members (e.g., Poirier & Festa-Bianchet, 2018) . 3 6 6
Indeed, social network analysis has potential to inform conservation practices. 3 6 7
The most common species in our dataset were model species from well-established 3 6 8 systems, most of which are relatively abundant and easy to work with. The use of model species 3 6 9 in established systems almost certainly improves our understanding of the ecology and evolution 3 7 0 of social behaviour, and in support of this line of research, the majority of species in our database 3 7 1
were listed by the IUCN as either least concern, data deficient, domestic, or not listed. By 3 7 2 contrast, some studies highlight conservation implications for their results, even though the 3 7 3 species being studied are not listed, and the relevance of social network analysis only applies for 3 7 4
a relatively small proportion of species in our dataset. As is the case for methods being applied to 3 7 5 managed populations, social network analysis is likely most beneficial when applied directly to a 3 7 6
given population, while there may be limited applicability across species or even populations. We systematically and objectively synthesized trends in social network research using a 3 7 9 bibliometric approach. Social network analysis has increased exponentially over time, while 3 8 0 there is a wide range of data collection and analytical methods used in studies that generate 3 8 1 social networks. Our assessment of social network methods suggests there is little consensus in 3 8 2 the number, and type, of network metrics calculated across studies, the use of association indices, 3 8 3 and the species studied. Despite the potential impact of social network analysis for species of 3 8 4 conservation concern, a relatively small proportion of empirical studies examined species listed 3 8 5 above least concern. In summary, we highlight emerging trends in social network research that 3 8 6 may be valuable for three distinct groups of social network researchers. First, students new to 3 8 7 social network analysis will benefit from our synthesis of the usage of different social network 3 8 8 The number of direct connections an individual has with other individuals. Degree can be separated into in-and out-degree, where in-degree is the number of connections directed towards the focal individual and outdegree is the number of connections direct to non-focal individuals.
97 (38 calculated in-degree; 36 calculated out-degree)
Graph strength
The combined weight (based on association indices or the frequency or duration of associations) of all of an individual's connections.
97 (14 calculated in-strength; 12 calculated out-strength) Clustering coefficient
The density of the subnetwork of a focal individual's neighbors, usually operationalized as the number of connections between neighbours divided by the possible maximum number of connections between them.
87
Betweenness centrality The number of times an individual occurs on the shortest path-length between two other individuals in a network.
(2 calculated in-betweenness)
Eigenvector centrality
The influence of an individual in a network based on the number and strength of the focal individuals connections.
65
Path length The shortest number of edges that connect two individuals in a network. Path length is either the average, or sum, of all shortest number of edges between a focal individual and all other individuals in a network.
24
Closeness
The normalized mean path length from an individual to all other individuals.
19 (4 calculated in-closeness; 4 calculated out-closeness) Group metrics Graph density
The proportion of realized edges in a network. 58 Modularity
Measure of the strength of division of a network into different modules, such as communities, clusters, and social groups.
Transitivity
The tendency for an individual's connections to associate with one another.
